Existing rating mapping algorithm maps each user's rating for a particular artist based on the complementary cumulative distribution interval where the artist play count lies. When the artist play count lies across two intervals, the higher rating is not appropriate when the majority of artist play count lies in the lower interval of the distribution. To solve this problem, we use the median of the artist play count instead as the statistical object to optimize existing algorithm. Experimental results show that the improved method can obtain a general increase in recommendation accuracy by about 1% compared to the existing algorithm.
INTRODUCTION
Personalized recommender system is an important tool to solve information overload, since it can automatically filter the mass of information on the Internet and find personalized information to meet the needs of users. Based on the data and methods used, recommender systems can be classified into content-based recommender system, collaborative filtering recommender system, demographic-based recommender system, knowledge-based recommender system, and hybrid recommender system [1] . Collaborative filtering is the most widely used recommender technique of personalized recommender systems. It can predict the items that users may be interested in by analyzing users' historical behavior. Collaborative filtering can be further divided into user-based collaborative filtering [2] and item-based collaborative filtering [3] [4] according to the recommender strategy. Both collaborative filtering recommender techniques analyze the user's historical behavior, and use similarity calculation methods to get user similarity matrix or item similarity matrix respectively. Then, recommend items liked by the user's similar users and items similar to the user's favorite items respectively.
The existing rating mapping algorithm for music recommender system [5-6]ssigns singers locate in different distribution intervals to an integer rating from 1 to 5 based on the complementary cumulative distribution interval in which the singer's play counts locates in the user's history. For a specific singer, it is not appropriate to assign a higher rating to the corresponding singer when the majority of play counts locates in the lower range. To solve this problem, we use the median of play counts instead as the statistical object to improve the existing rating mapping algorithm. The experimental result show that the improved algorithm has higher accuracy than the existing algorithm.
RELATED WORK

Music Recommender System
Personalized music radio is one of the most successful applications of recommender system. Personalized music radio analyze users' historical behavior, utilize personalized recommender technology to provide users with personalized music service.
Music recommender technology is mainly divided into collaborative filtering, content-based filtering, context filtering, and hybrid methods [5] . Collaborative filtering recommender technology is currently the most widely used recommender technology in music recommender field. It can be further classified into two types: item based collaborative filtering (IBCF) and user based collaborative filtering (UBCF). IBCF calculate the similarity between different items in the system to find the most similar items (these items are also called the neighbor items) for each item, and then recommend items which are similar to the user's previous favorite items. UBCF calculate the similarity between different users in the system to find the most similar users (these users are also called the neighbor users) for each user, and then recommend the items which are liked by the user's similar users.
In this paper, we focus on singer recommendation in personalized music radio system. Usually, such a music recommender system needs to be achieved through the following steps:
(1) Construct the user interest model (2) Similarity calculation (3) Rating prediction For the singers who the user has not listened before, the weighted sum of k neighbors method was used to calculate the predicted ratings.
Rating Mapping Algorithm
There are two forms of recommender system based on implicit feedback, one is to use implicit feedback-based recommender algorithm, the other one is to map implicit feedback to explicit feedback firstly, and then using explicit feedback-based algorithm. The role of the rating mapping algorithm is to map the implicit feedback to explicit feedback.
Linas thinks that singer play counts can be used as an approximation of the user's preference for the singer. He assumes that the large the singer paly counts are, the more the user likes the singer. In his paper, Linas used the mapping algorithm proposed by Celma, and adopted MAE (mean absolute error) as a measure of the accuracy of the algorithm. The smaller the MAE value, the more accurate the algorithm.
Celma found that the relationship between users and items in explicit feedback was limited to a predefined range, that is, integer rating between 1 and 5, or liked / disliked. In other words, explicit feedback is normalized. In contrast, the implicit feedback of personalized music radio system link the user and singer through paly counts, and it is not normalized. In order to recommend singers to the user using traditional collaborative filtering technique with implicit feedback data, he proposed an algorithm for mapping play counts to an integer rating between 1 and 5 based on the user's listening habit. A detailed introduction to Celma's rating mapping algorithm is as follow.
Complementary cumulative distribution function represents the random variable that is greater than the probability of a certain value, the formula is:
(1)
Where the random variable x represents the singer play counts, T represents the sum of all singer play counts, and 0 F x 1. The mapping rule between the interval and the value of the complementary cumulative distribution function is given in equation (2) 
Where r x is the rating obtained by the singer with x play counts. A small number of users whose listening habit do not show the right skewed distribution, the user listening behavior is more evenly distributed to different singers, and does not show significant imbalance. Celma identifies this distribution by calculating the coefficient of variation of singer play counts in the user's history. The coefficient of variation (CV) is a standardized measure of the degree of dispersion of the probability distribution, defined as the ratio of the standard deviation to the mean, calculation formula is as follow: / Where μ is the mean value and σ is the standard deviation. When the value of CV is less than 0.5, the degree of dispersion in the user history is small. In this case, the cumulative distribution function value of the number of play counts is skipped, and each singer in the user profile is assigned 3 points directly. After Celma's rating mapping algorithm, the association between the user and the singer changes from the play counts to the 1 to 5 integer rating.
If the user listened to 130 singers, with a CV of 2.03 and an average of 19.5 singer play counts. The top 50 singers are listed according to their play counts. The horizontal axis represents the singer ranking, and the vertical axis represents the singer play counts. As can be seen, the user's listening behavior to the singer is unbalanced. 13 singers (equivalent to 10% of the total number of singers listening by the user) had more than 50 listeners, while most (90%) singers had less than 50 listeners.
The top 50 singers are also listed according to their play counts. The horizontal axis represents the singer ranking and the vertical axis represents the complementary cumulative distribution function value of singer play counts. The top 3 singers got 5 points, the 4th to 7th singer got 4 points, the 8th to 14th singer got 3 points, the 15th to 31th singer got 2 points. 31th to 100th singer scored 1 point. That is 76% of all singers get 1 point, this reflects the phenomenon that the vast majority of singers have been listened for very few times.
IMPROVED RATING MAPPING ALGORITHM
If only a small part of play counts across different intervals are in the lower interval, mapping the corresponding singer to the lower interval, giving a higher rating value is not appropriate. In addition, by observing the distribution curve of singer play counts, we find that when the singer paly counts is less than the average number (19.5), there are many singers with the same paly counts, if the rating mapping algorithm does not take into account the current paly counts, this will affect the rating of many singers with same paly counts. In summary, the formula should be modified to take into account the current paly counts. We improved the method of computing the cumulative distribution of play counts by Celma, and added the parameters to count the current play counts on the basis of formula (1) . Taking into account the current play counts, the modified formula is as follow:
The G x value indicates the position of the median of the current play counts in the complementary cumulative distribution. The mapping rule between the interval and the value of the complementary cumulative distribution function is given in equation (5) 
Based on Celma's algorithm, the improved score mapping algorithm can be described as the following pseudo-code form. Input: <user, singer, play counts> collection C Output: <user, artist, rating> collection R 01: for each user in C{ 02:
calculate the total play counts for all singers T, and save the T into the <user, total play counts> collection;} 03:
for each user in C 04:
{calculate the CV value of the singer play counts in the user's <singer, play counts> collection according to the formula (3) 05: if CV <0.5 06:
for each singer 07:
{all singers are given 3 points, saved into <user, artist, rating> collection R;} 8: else 9:
<singer, play counts> collection -> <singer, play counts> ordered list L; 10:
for each <singer, play counts> in L 11:
{calculate the ratings of all singers in the ordered list and save them to <user, artist, rating> collection R according to the total play counts T which is obtained by step 2, and formula (3) and (4) } 12: end if }
EXPERIMENTS AND RESULTS ANALYSIS Experimental Data
The experiment data used in the experiments are from the Last.fm Dataset -1K users [6] [7] [8] [9] data set published by Celma for the study of music recommender system. The dataset contains 1,000 random users on the Last.fm music radio website, and is stored as <user, timestamp, artist, song> format. In order to obtain better recommendation, we selected all US users from this data set, and filtered out singers which were listened by fewer than 10 users and users listened to less than 10 singers. Table 1 shows the basic information of the cleanup data set used for the experiment. 
Experimental Results
It can be seen that the improved algorithm has lower MAE than the algorithm of Celma for all neighbors. As the number of neighbors increases, the MAE values of Celma's algorithm and the improved algorithm all decrease, and when the number of neighbors is 60 and 50, their MAE values reach the smallest, and then their MAE values increases with the number of neighbors raises. In addition, the improved algorithm can better model the user interest, consequently achieve better result by relying on fewer neighbors. It can be seen that the improved algorithm has lower MAE than the algorithm of Celma for all neighbors. As the number of neighbors increases, the MAE values of Celma's algorithm and the improved algorithm all decrease, and both of them 
CONCLUSION
Through the research of rating mapping algorithm of music recommender system, the deficiency of Celma's algorithm is found, we modifies the calculation formula of Celma's algorithm, and an improved rating mapping algorithm is proposed in this paper. The experimental result shows that the improved algorithm can map the implicit feedback of the music radio system to explicit rating more accurately, and improve the accuracy of collaborative filtering algorithm. 
